We simulate how an adaptive, two-class braincomputer interface system based on only one Laplace derivation at Cz automatically calibrates and adapts to post-movement event-related synchronization (ERS) data from 20 healthy volunteers. This is an important intermediate step towards adapting to post-movement imagery (MI) ERS signals in an online BCI. Our system performs rigorous outlier rejection, initially calibrates after only five trials per class, and re-calibrates at every five trials per class. In our analysis, the newest classifier was always applied to the ensuing trials. The results showed a high average peak accuracy over all participants of 81 .0 ± 9 .1 %. The high efficacy of this system on post-movement ERS data encourages us to test our system with post-MI data with the final aim to implement an online BCI system.
Introduction
Electroencephalogram (EEG) based brain-computer interfaces (BCI) can establish a non-muscular channel of communication for severely disabled individuals [1] . To achieve this, BCIs rely on the fact that humans can voluntarily modulate the amplitude of sensorimotor rhythms in the perirolandic EEG by performing motor tasks, such as movement execution (ME) or movement imagery (MI) of the feet. Using machine learning techniques, BCI systems translate patterns of these amplitude changes into control signals that can drive spelling systems, wheelchairs or other assistive technology. Producing these oscillatory responses is a skill-full action, which requires training of varying extent [2] . For this training process, co-adaptive BCI paradigms have proven very intuitive and effective [3, 4] . The purpose of a BCI training paradigm is to allow for fast auto-calibration and effective online training that leads to satisfactory online control in a short time for most users. Analogous to [4] , our simulation initially calibrates based on only five trials per class (TPC) and re-calibrates whenever five new TPC are available. The novel aspect here is that our system operates on post-movement beta eventrelated synchronization (ERS, [5] ) data. This phenomenon, also called the beta rebound is a very distinctive and robust phenomenon in the EEG [6, 5] and appears at the offset of both ME and MI. Previous work successfully set up BCI systems based on this phenomenon [7, 8] . Our aim is to evaluate the efficacy of the adaptive BCI concept on ME data, to finally create an online BCI setup based on MI.
Methods
For our adaptive BCI simulation we used previously recorded EEG data from 20 healthy volunteers [9] . The data was sampled at 250 Hz and filtered between 0.5 and 100 Hz. There was a notch filter at 50 Hz. Specifically, we recorded EEG from 3 Laplace derivations at C3, Cz and C4. We only used Cz for this analysis. Seated in a comfortable arm chair, the participants performed a Go/NoGo task (see Figure 1) where they visually fixated a green cross on a computer monitor. The system displayed a filled, green circle instead of the cross to indicate the Go condition, where the participants executed one single, brisk (≈ 1.6 s, [9] ) dorsiflexion of both feet. The NoGo condition was indicated analogously by a filled, red circle. For this condition, participants were instructed to withhold any motor response and to relax. The sequence in which cues for either condition occurred was random with each condition being equally probable. Based on [4] and [10] , our simulation ran through the data trial by trial, performing rigorous outlier rejection based on different methods [10] including time domain signal thresholding, kurtosis, and probability. As soon as five artifact free TPC were available, the system auto-calibrated the first time. To simulate online performance, we always applied the newest classifier to every new trial. Whenever five new artifact free trials were available the system recalibrated. In every calibration step the BCI trained a linear discriminant analysis (LDA) classifier. We always used the one of four logarithmic bandpower features (β low = 13 to 23 Hz, β mid = 16 to 26 Hz, β high = 20 to 30 Hz and β f ull = 13 to 30 Hz; cf. [6] ) from the Laplace derivation at Cz that yielded the highest separability according to Fisher score.
To evaluate the performance of our BCI system, we calculated the classification accuracy for every sample point in all test trials. Averaging across all test trials gave us a trial time series that showed how accurate our system was in classifying the users brain activity in every sample point. We report the peak accuracy in the window of 3 to 7 s. Noteworthy, the level of significantly (p = 0.01) better than chance binary classification accuracy with 31 TPC is 66.1 % [11] .
Results
From 20 participants, 19 achieved significantly better than chance peak accuracies at an overall average of 81.0 ± 9.1 %. The feature β low was dominant for most participants (40 %), followed by β high (30 %), β f ull (25 %) and β mid (5 %). See Figure 2 for details on the accuracies. 
Discussion
The successful auto-calibration and adaptation of our system in this simulation led to significantly better than chance accuracy for 95 % of the novice users. 90 % of the participants performed above a commonly assumed threshold level of 70 % accuracy, required to effectively operate a spelling program [12] . Even more interesting: Participants either performed a very brisk motor task or did nothing (i.e. withheld movement); in a previous online study [4] participants had to perform distinct motor tasks for two conditions for over five seconds. In comparison with [4] , the required user effort in the present system is much lower, while the resulting accuracy in excess of the chance level is not significantly different (p = 0.65; two-tailed, independent samples t-test). These promising results with executed movement encourage us to investigate the efficacy of adaptive BCI systems on data from post-movement imagery ERS data with the final aim to create an online system based on brisk imagined movement.
